ABSTRACT This paper addresses a novel deep learning technique for localization systems of high-speed mobile objects such as autonomous vehicles. The presented localization method consists of rough and fine localizations. The rough localization exploits the modified Kalman filtering, which produces the rough location estimates of a high-speed object. Due to an inappropriate threshold value, the rough estimates often lead to a divergence in the modified Kalman filtering. In this paper, the fine localization suppresses the divergence. The proposed fine localization is based on a deep learning technique. Using the rough estimates, the deep learning method classifies the current position of the high-speed object into an appropriate region. Based on the classified region, the rough location estimates are refined into the fine location estimates in the fine-localization step. The experimental results verify that the deep learning approach overcomes the weakness of the modified Kalman method in the localization. The results also show that the proposed method outperforms the conventional Kalman approach in the localization of high-speed objects.
I. INTRODUCTION
Recently, autonomous vehicle systems have emerged as main applications especially in the area of consumer electronics [1] . Moreover, 5G cellular systems and internet-ofthings further facilitate autonomous vehicle systems [2] , [3] . A localization system is required for proper operation of autonomous vehicles [4] . Since autonomous vehicles move with high speed in outdoor environments, the localization system needs to locate high-speed objects accurately. For accurate localization, localization systems usually rely on time difference of arrival (TDoA) of microwave signals [5] - [8] . For practical positioning, TDoA is also a more desirable measurement than received signal strength (RSS) [9] and direction of arrival (DoA) [10] . However, TDoA-based localization requires a strong line-of-sight (LOS) component for accurate location estimation. In the cases of highspeed objects such as autonomous vehicles, the received microwaves often exhibit non-line-of-sight (NLOS) components due to severe channel effects including deep fading, large Doppler spread, and severe inter-symbol interference (ISI) [11] . Therefore, the NLOS propagation renders the The associate editor coordinating the review of this manuscript and approving it for publication was Juntao Fei. localization performance very poor. Conventional localization systems usually rely on extended Kalman filtering (EKF) [12] since it contributes to accurate tracking of mobile objects in noisy environments. However, even the EKF gives poor tracking performance if the received signal lacks the LOS component. Therefore, the usage of the conventional EKF is not sufficient enough to achieve a desirable tracking performance for high-speed objects such as autonomous vehicles. Some localization does not rely on microwave data (such as TDoA, RSS, and DoA), but inertial data in order to avoid the channel effects. Especially, the localization approach [13] tracks the vehicles fairly well even without any aid of GPS. However, the position estimate is not accurate enough to fully support the autonomous vehicles. For highspeed objects, a modification has been applied to the EKF in order to guarantee excellent localization performance even under the condition that the LOS component is absent in the received signal [14] . The modified EKF method adopts a criterion. The criterion determines if the TDoA information is considerably distorted due to the severe channel effects. Once severe distortion is found, the update process of the EKF discards the contaminated TDoA measurements. The modified EKF exhibits robustness over the detrimental channel effects. However, this criterion approach is based on a predefined threshold. According to the system aging and the channel variations, the threshold should be set to a new value for reliable criterion. Otherwise, the modified EKF tends to diverge in the tracking because of a wrong decision. Therefore, the modified EKF has a potential divergence if some fixed threshold is used [14] . This paper proposes a novel deep learning technique for localization systems of high-speed mobile objects such as autonomous vehicles. The deep learning approach effectively suppresses the potential divergence of the modified EKF. Various deep learning methods have been applied to main consumer electronics including voice recognizers, automatic translation systems, and real-time object tracking systems [15] . In this paper, the localization system consists of rough and fine localizations. The rough localization employs the modified EKF, which estimates the location of high-speed object roughly. The fine localization relies on the presented deep learning technique in order to effectively suppress a potential divergence of the modified EKF. Among various deep-learning architectures, the fine localization adopts the recurrent neural network (RNN) [16] since it can utilize previous information recurrently. Using the previous location estimates as well as the current estimate, the RNN classifies the current position of the high-speed object into an appropriate region. Then, the fine localization further refines the rough location estimate using the information associated with the classified region. The fine localization completely eliminates a potential divergence of the modified EKF.
Experimental evaluation reveals the validity of the proposed deep learning approach. The experimental results show that the deep learning approach can effectively suppress a potential divergence of the modified EKF in the fine localization. The results also exhibit that the presented scheme is superior to the conventional EKF in terms of tracking performance for high-speed objects.
The contributions of this paper are as follows:
• We incorporated the proposed fine localization into the localization system, which detects and suppresses a potential divergence of the modified EKF. Especially, we proposed the adaptive refinement in the fine localization in order to suppress the divergence. The adaptive refinement varies the threshold of the modified EKF. This suppresses the divergence of the modified EKF.
• In the fine localization, we exploited the RNN in order to detect the divergence. Since the RNN utilizes the previous locations as well as the current location, it is suitable for the region classification of mobile objects. If the RNN returns the inappropriate region, the fine localization detects the divergence.
II. RELATED WORK
For the real-time localization of high-speed objects, the related work mainly relies on the modified EKF [14] . Figure 1 illustrates the service model of the related work. As depicted in Figure 1 , the modified EKF consists of prediction step, observation step, and threshold comparison. In the modified EKF, the threshold comparison is added to the conventional EKF, which just includes the prediction step and the observation step [9] . In the conventional EKF, the prediction step theoretically calculates the current position of a mobile object using its previous position. Then, the theoretical position is transferred to the observation step. Using the TDoA measurements, the observation step tries to refine the predicted position. Finally, the refined position is transferred to the prediction step for theoretical calculation of the next position. Therefore, the prediction step interacts with the observation step for tracking of a mobile object. In the case of conventional EKF, the refined position is very close to the true position if the receivers measure the TDoA values very accurately. Furthermore, the refined position is fairly accurate if the TDoA measurements include mild errors. However, the conventional EKF tends to produce distinct distortions in the localization when the TDoA measurements include too heavy errors. Such errors usually occur when the receivers fail in detecting the LOS components in the received signals. The receivers often exhibit the detection failure especially when the mobile object moves with high speed. Therefore, the related work utilizes the modified EKF of Figure 1 . As illustrated in Figure 1 , the threshold comparison is the unique module in the modified EKF. Figure 2 the procedure of the threshold comparison. In the first step, the threshold-comparison module theoretically calculates TDoA values using the theoretical position, which was transferred from the prediction step. In the second step, the module finds the difference between the TDoA measurements and the theoretical TDoA values. Then, the module compares the difference with a pre-defined threshold. If the difference is smaller than the threshold, the observation step uses all the TDoA measurements for the position refinement. Otherwise, the comparison module replaces the TDoA measurements with the theoretical TDoA values. In Figure 2 , the larger differences indicate that the TDoA measurements include too heavy errors to refine the position. Therefore, the observation step excludes the heavily noisy TDoA measurements in the position refinement. Finally, the modified EKF suppresses noticeable distortions in the localization.
In the related work, the modified EKF uses a fixed value as the threshold. The experimental results showed fairly good localization performance in various tracks [14] . However, the fixed threshold endangers the localization system, which may produce a divergence especially when the system becomes old or the channel conditions abruptly change. Therefore, the threshold needs to be varied adaptively according to a condition. Accordingly, the position needs to be refined adaptively. A deep learning approach detects the condition for the adaptive threshold and the adaptive refinement, which is described in section III-C in detail.
III. LOCALIZATION SYSTEM BASED ON DEEP LEARNING APPROACH
A. SYSTEM MODEL Figure 3 illustrates the system model of the localization system based on the proposed deep learning method. The system model consists of transmitter, time-of-arrival (ToA) receivers, TDoA server, rough localization server, and fine localization server. In Figure 3 , a high-speed object under consideration employs one transmitter, which generates microwave signals 
where τ i denotes the TDoA value for receiver i (i = 1, 2, . . ., N ). In (1), T 0 indicates the reference ToA. Therefore, receiver 0 is used as the reference receiver for TDoA values in Figure 3 . Using the N TDoA values, the rough location server produces a rough estimate. For the rough estimation, the rough location server relies on the modified EKF. As stated earlier, the rough estimates may significantly be deviated from true positions due to a divergence of the modified EKF. To avoid the divergence, the rough estimate is refined into a fine location estimate in the fine location server. The fine server utilizes the presented deeplearning approach, which effectively eliminates the divergence. The suggested deep-learning relies on the RNN for a region classification, which determines if a divergence happens in the rough localization.
B. ROUGH LOCALIZATION
The rough localization relies on the modified EKF of section II in order to estimate the object locations roughly. As stated earlier, the modified EKF adds the threshold comparison to the traditional EKF. The traditional EKF is composed of prediction and update phases [12] . The traditional EKF is summarized in the procedure of (2) to (11) . In the prediction phase, the EKF performs the steps of (2) and (3) as follows:
where F denotes the transition matrix and k denotes the kth discrete-time index. In (2), the state vector x k is defined as follows:
where p x,k and p y,k are the x-position and the y-position, respectively of the rough location estimate of high-speed object. In (4), v x,k and v y,k denote the x-direction velocity and the y-direction velocity, respectively of high-speed object.
In (4), a x,k and a y,k are the x-direction acceleration and the y-direction acceleration, respectively of high-speed object. In (3), P k denotes the error covariance matrix at the kth discrete-time index, and the matrix Q is defined as follows:
where w k denotes the process noise vector at the kth discretetime index, and E[ ] is the operator of ensemble average. For the operation of the update phase, the observation vector y k is defined as follows:
where h and v k denote nonlinear measurement vector and measurement noise vector, respectively. In the update phase, the EKF also performs the steps of (7) to (9) as follows:
In (7), the matrices H and R are defined in (10) and (11), respectively as follows:
While the EKF repeats the prediction phase and the update phase, the updated state vector x k of (9) includes the rough location estimate (p x,k ,p y,k ) of high-speed object at the kth discrete-time index. When channel conditions are poor, the observation vector y k of (6) is heavily contaminated because the measurement noise vector v k becomes dominant. This considerably reduces the estimation accuracy. In order to make the traditional EKF robust over the channel effects, the modified EKF uses the threshold comparison in addition to the traditional procedure of (2) to (11) as follows:
where y i,k denotes the ith element of the observation vector y k , h i is the ith element of the matrix H, c denotes the light speed, and i = 1, 2, . . ., N . In (12) , thr denotes the predefined threshold. In (12), h i and cτ i are the prediction and the observation values, respectively. If the observation value includes a heavy noise, the difference between cτ i and h i becomes larger than the threshold value. In this case, the prediction value (h i ) replaces the observation value (cτ i ) as indicated in (12) . This prevents the reduction of estimation accuracy. However, the difference may be larger than the threshold due to system aging and channel variations even in the cases of good observations. In this case, the prediction value (h i ) is too excessively used in (12) . This may cause a severe divergence in the location estimation of (9) . In order to prevent the divergence, the threshold needs to be varied adaptively in (12) . The fine localization performs the adaptive variation of the threshold.
C. FINE LOCALIZATION
The fine localization refines the rough estimates in order to avoid a potential divergence of the modified EKF. The fine localization relies on the RNN (which belongs to the deep learning category) in order to determine if the potential divergence occurs in the procedure of the modified EKF. Figure 4 illustrates the architecture of the RNN for the fine localization. The RNN classifies the rough location estimate into an appropriate region. In Figure 4 , the current input vector s k includes the current location estimate at the kth discrete-time index as follows:
In the RNN of Figure 4 , the previous input vectorS k−l is defined as follows:
where p x,k−l and p y,k−l are the x-position and the y-position, respectively of the previous location estimate of highspeed object at the (k-l)th discrete-time index. In (14) l = 1, 2, . . ., L, where L denotes the memory value of the RNN. In Figure 4 , the output signal r k,c denotes the value of the cth class region, and is calculated as follows:
where c = 1, 2, . . ., C. In (15) and Figure 4 , C denotes the number of class regions. In (15) , f ( ) denotes the logistic function of the RNN, and is defined as follows:
In (15) 
In (17),r k can be achieved as follows:
where W denotes the C × J weight matrix of the (final) hidden-to-output layer in Figure 4 . In (18) , the final-hiddenlayer vector d k includes the elements of the final hidden layer as follows:
where J denotes the number of the elements of the vector d k .
In (19) 
where M and U denote the J ×2 matrix of the input-to-hidden layer and the J × J matrix of the previous-hidden-to-finalhidden layer, respectively. In (20) , the previous-hidden-layer vector d k−1 is achieved from the intermediate previous-vector d k−1 as in (19) . At the (k-l)th discrete-time index, the intermediate previous-vectord k−l is calculated as follows:
where l = 1, 2, . . ., L. Note that the previous location estimate and the current location estimate are used in the previous input vectors k−l of (21) and the current input vector s k of (20), respectively. In Figure 4 , the matrices W, M, and U are trained using the backpropagation through time (BPTT) algorithm [17] . Figure 5 illustrates the procedure of the fine localization based on the RNN of Figure 4 . Using the current and the previous location estimates, the RNN determines the class region to which the high-speed object belongs. Using the output signals (r k,1 ,r k,2 , . . . , r k,C ) of the RNN, the class region is selected as follows: (22) whereĉ denotes the index of the selected class region. As indicated in (22), the RNN determines the region corresponding to the maximum output as the selected class to which the high-speed object belongs. As indicated in Figure 5 , the fine localization checks if the selected class of the RNN is the right track region. If the right region is true (Y in Figure 5 : normal mode), the rough estimate is just set to the fine location estimate. Otherwise (N in Figure 5 : divergent mode), the fine localization performs the adaptive refinement of the location estimate. Then, the refined estimate is used as the input vector to the RNN. The RNN determines the class region of the refined estimate. If the class implies the right track region (Y in Figure 5 ), the refined estimate is set to the fine location estimate. Otherwise (N in Figure 5 ), the fine localization continues the adaptive refinement of the location estimate until the RNN produces the right track region. Figure 6 depicts the procedure of the adaptive refinement in the fine localization. As the first step, the adaptive refinement changes the threshold adaptively as follows:
where α denotes a tolerance factor and α > 1. Unlike the fixed threshold in (12), the threshold (thr) of (23) is adaptively varied. Then, the adaptive refinement performs the operations of (12) and (9) in the modified EKF. As iterations continue, the threshold value increases accordingly in (23). Therefore, the observation value is more likely used in (12) . This prohibits too excessive use of the prediction value in (12) , which considerably reduces a possibility of divergence in (9) . At the expense of the estimation accuracy, the increased threshold suppresses the divergence that the RNN detected. Note that the increased threshold is reset to the original threshold value at the final step of the fine localization as shown in Figure 5 . This still maintains the estimation accuracy of the modified EKF in the proposed algorithm. The varied threshold of (23) is finally reset to the original threshold value in order to maintain the estimation accuracy, which is described in Figure 5 . 
IV. EXPERIMENTAL EVALUATION
Experimental results exhibit the effectiveness of the proposed deep learning approach for localization systems. Table 1 summarizes the experimental environments for the proposed method. Table 1 indicates that high-speed objects move with the maximum speed of 60 km/h in this evaluation. Each mobile object is equipped with a consumer transmitter [14] . The transmitter generates ultra-wideband (UWB) signals [18] in order to increase the time resolution of TDoA measurements. Therefore, the consumer receivers [14] measure the TDoA values from the received UWB signals. used in the localization. Table 1 also depicts that the consumer transmitter and receiver follow the IEEE802.15.4a standard [19] for the UWB signals. Table 1 indicates that this evaluation relies on 3 tracks for modeling of the roads on which high-speed objects move. In this evaluation, the tracks model the roads of 1000 m, 1300 m, and 1900 m. In (23), α is set to 1.5. Figure 7 (a) and (b) illustrate the consumer transmitter and its chip-set, respectively for the experimental evaluation. The weight of the transmitter is just 35 g. Therefore, it can easily be attached to the mobile object for the localization. The consumer transmitter includes the single chip-set of Figure 7(b) . The chip set is the DW1000 of DecaWave [20] . The DW1000 is a fully integrated single chip-set and is compliant to IEEE802.15.4a for UWB signals [19] . Therefore, the chipset is widely utilized for TDoA-based localization systems. Figure 8 illustrates the 4 receivers out of the consumer receivers for the experimental evaluation. As illustrated in Figure 8 , the receivers are installed on high tower, which increases the detection probability of the UWB signals. As stated earlier, the receivers follow the IEEE802.15.4a standard for the UWB signals [19] . Note that lots of receivers (more than 50 receivers) are installed around the experimental tracks for reliable measurement of TDoA values.
In this experimental evaluation, the RNN adopts the structure of Figure 4 . Table 2 summarizes the parameters (including the layer number) of the RNN. We used real-world data for training and evaluation in this paper. In other words, we made a real-world experiment. We achieved the real-world distances based on TDoA information from a racing stadium. The commercial transmitter of Figure 3 sends 30 UWB signals within 1s. Therefore, the localization system of Figure 3 produces one fine-location estimate every 1/30 s for real-time operations. In Figure 3 , the location servers indicate the computer server system that estimates the location of the mobile object. The computer server system includes the modified EKF and the proposed fine localization (including RNN). The computer server system is capable enough to estimate the location of the mobile object within 1/30 s. In this evaluation, we made an off-line training for the RNN. For the RNN training, we used the real-world data. After we had already completed the RNN training, we used the trained RNN for the fine localization in real-time mode. Since the real-time localization does not include the training procedure, it does not have any overhead for the training.
As stated earlier, we made an off-line training for the RNN. As the training data, we used the real-world data. Figure 9 illustrates the class regions that the deep learning approach produces. In Figure 9 , class regions I, II, and III denote on-track domain, upper off-track domain, and lower off-track domain, respectively. The upper off-track includes the area outside the upper boundary of the track. The lower off-track encompasses the area outside the lower boundary of the track. Therefore, class regions II and III indicate that the localization of mobile objects is in the divergent mode. On the other hand, class region I implies that the localization is in the normal mode. Using the rough location estimates, the deep learning architecture (RNN) of Figure 4 determines the mode (normal mode or divergent mode) of the rough localization as stated earlier. In Figure 4 , the matrices W, M, and U are trained for the 3 tracks (1000 m, 1300 m, and 1900 m). Table 3 exhibits the real-world data of the consumer transmitter [ Figure 7(a) ] and the consumer receivers ( Figure 8 ) at 2 time stamps. In Table 3 , the time column includes the time stamps of the consumer transmitter. The transmitter sends the UWB signal at the time stamp. Note that the time interval between the time stamps is 1/30 s. This indicates that the consumer transmitter sends 30 UWB signals each 1 s as stated earlier. In Table 3 , the receiver ID denotes the identification number of the receiver. As shown in Table 3 , 6 receivers are used at each time stamp. This indicates that the localization exploits the 6 TDoA measurements as shown in Table 1 . In Table 3 , the column of distances includes the measured distance between the high-speed object and each receiver. The distance is calculated using the measured TDoA of (1) in each receiver. Note that Table 3 exhibits the partial real-world data (at only 2 time stamps). In Figures 10 to 13 , the location estimates were achieved using the entire real-world data. Experimental results are illustrated in Figures 10 to 13 . Figure 10 indicates the case that the modified EKF successfully estimates the locations of the high-speed object under test. Figures 11 to 13 include the cases that the modified EKF is divergent. Therefore, Figures 11 to 13 also reveal the effectiveness of the presented deep learning method. The real-world TDoA measurements already include the noise values due to thermal noise, fading, and interference. The noise values heavily influenced the localization performance for the conventional EKF. The influences will be seen in Figure 10 (b), Figure 11 (a), Figure 12 (b), and Figure 13(b) . Figure 10 exhibits a comparison of the location estimates for the track of 1000 m in the case of no divergence in the modified EKF. Since there is no divergence, this evaluation does not require the use of the fine localization based on the deep learning. Therefore, Figure 10 does not include the experimental results of the fine localization. Fig. 10(a) illustrates the track of 1000 m. In Figure 10 (a), D and A represent departure and arrival, respectively of the high-speed object under test. Figure 10(b) shows the location estimates in the case of the conventional EKF. As illustrated in Figure 10(b) , the conventional EKF generates noticeable distortions in the localization. This considerably reduces the estimation accuracy. In the conventional EKF, excessively inaccurate TDoA measurements cause such distortions. Figure 10 (c) exhibits the location estimates in the modified EKF case. Figure 10 (c) reveals that the modified EKF eliminated the distortions almost completely. Using the threshold comparison of (12), the modified EKF successfully excluded the excessively inaccurate TDoA measurements. This indicates that the modified EKF did not cause any divergence even with the fixed threshold of (12) . However, the fixed threshold often causes severe divergence as shown in Figures 11 to 13 . Figure 11 exhibits a comparison of the location estimates for the track of 1000 m in the case of divergence in the modified EKF. Figure 11 (a) exhibits the location estimates VOLUME 7, 2019 in the conventional EKF case. Like the case in Figure 10 (b), Figure 11 (a) also shows some distortions in the tracking estimation. Figure 11 (b) exhibits the location estimates in the modified EKF case. Note that the rough localization employs the modified EKF. Figure 11 (b) illustrates a divergence of location estimates in the rough localization. This is different from the case of Figure 10 (c). Therefore, it is revealed that the threshold comparison of (12) does not always guarantee reliable estimation of tracking even in the same track. Figure 11 (c) illustrates a comparison of tracking divergence and true tracking. Figure 11(c) indicates that the divergence approximately occurs at the position of (-412, 80). Figure 11(d) shows the location estimates in the case that the final localization is employed. As the first step, the final localization investigates the class regions of the high-speed object under test. In this evaluation, the deep learning approach finds that the rough location estimates are in the divergent mode after the coordinate (-412, 80) has been passed. After detecting the divergent mode, the final localization performs the adaptive refinement of Figure 6 . This refines the divergent rough-estimate into the normal fine-estimate using the adaptive threshold of (23). As illustrated in Figure 11(d) , the final localization effectively suppresses the huge divergence using Figure 12 (b) exhibits the location estimates in the conventional EKF case. As shown in Figure 12(b) , the conventional EKF also renders apparent distortions in the tracking estimation. Figure 12 (c) exhibits the location estimates in the modified EKF case. Figure 12 (c) also reveals that a serious divergence occurs in the tracking. This indicates that the threshold comparison of (12) also failed a reliable localization in the track of 1300 m. Figure 12(d) shows the location estimates in the case that the final localization is employed. Figure 12 (d) also reveals that the final localization can completely eliminate the profound divergence using the deep learning approach in the track of 1300 m. Figure 13 shows a comparison of the location estimates for the track of 1900 m in the case of divergence in the modified EKF. Figure 13 (a) illustrates the track of 1900 m. Figure 13(b) shows the location estimates in the conventional EKF case. As exhibited in Figure 13 (b), the conventional EKF also renders distinct distortions in the localization. Figure 13(c) shows the location estimates in the modified EKF case. Figure 13 (c) also reveals that a detrimental divergence occurs in the localization. This implies that the modified EKF failed in achieving a reliable localization using the threshold comparison of (12) in the track of 1900 m. Figure 13(d) exhibits the location estimates in the final localization case. Figure 13 (d) also reveals that the final localization can entirely remove the enormous divergence using the deep learning method in the track of 1900 m.
As stated earlier, we achieved the real-world data from the racing stadium. The date that we achieved the data for Figures 11 to 13 is different from the date of Figure 10 . The channel states usually change according to weather, moisture and system conditions. Therefore, the channel state of Figure 10 is different from those of Figures 11 to 13 . In the evaluation, the fixed threshold is suitable for the channel state of Figure 10 . However, the threshold is not suitable for the channel states of Figures 11 to 13 .
In addition to the illustrations of Figure 11 to Figure 13 , we empirically evaluated the 50, 30, and 10 divergence cases in tracks of 1000 m, 1300 m, and 1900 m, respectively. The fine localization entirely suppressed the divergences in all the cases. This indicates that the proposed fine localization can completely eliminate a potential divergence of the modified EKF. As further evaluation, we present the evaluation performance in terms of the root mean-squared error (RMSE) between the reference positions and the position estimates [13] , [21] . As shown in Table 4 , the proposed approach outperforms the conventional EKF and the modified EKF. Note that the modified EKF exhibits the worst performance since it renders such divergence.
V. CONCLUSION
This paper presents a novel deep learning technique for localization systems, which are required for real-time localization of high-speed mobile objects such as autonomous vehicles. In this paper, the localization systems consist of rough and fine localizations. In the localization systems, the rough localization relies on the modified EKF, which employs a threshold comparison in order to enhance the localization performance. However, the threshold comparison uses a predefined threshold value. This may cause the rough localization to be divergent due to system aging and channel variations. In order to effectively suppress a potential divergence of the rough localization, the fine localization employs the proposed deep learning approach. The deep learning technique is based on the RNN architecture. The RNN is very useful for localization since it can utilize the previous location estimates as well as the current location estimate. Based on the RNN architecture, the presented deep learning method determines the tracking mode of the high-speed object: normal mode or divergent mode. If the divergent mode is detected, the fine localization refines the rough location estimate using the adaptive refinement. Therefore, the fine localization can completely eliminate a potential divergence of the rough localization.
Experimental evaluation confirms the validity of the proposed deep learning approach for localization of high-speed objects. The experimental results reveal that the fine localization can effectively suppress a potential divergence of the rough localization using the deep learning approach. The results also exhibit that the presented method is superior to the conventional EKF as well as the modified EKF in terms of localization performance for various tracks. Finally, it is concluded that the proposed deep learning technique is very useful for localization systems of high-speed objects including autonomous vehicles.
